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How Payment Systems A�e
t Physi
ians' ProvisionBehaviour � An Experimental Investigation∗Heike Hennig-S
hmidt†, Reinhard Selten† & Daniel Wiesen†‡July 23, 2009Abstra
tA 
entral 
on
ern in health e
onomi
s is to understand the in�uen
e of 
om-monly used physi
ian payment systems. We introdu
e a 
ontrolled labora-tory experiment to analyze the in�uen
e of fee-for-servi
e (FFS) and 
apitation(CAP) payments on physi
ians' behaviour. Medi
al students de
ide as exper-imental physi
ians on the quantity of medi
al servi
es. Real patients gain amonetary bene�t from their 
hoi
es. Our main �ndings are that patients areoverserved in FFS and underserved in CAP. Finan
ial in
entives are not theonly motivation for physi
ians' quantity de
isions, though. The patient bene�tis of 
onsiderable importan
e as well. Patients are a�e
ted di�erently by thetwo payment systems. Those patients in need of a low level of medi
al servi
esare better o� under CAP, whereas patients with a high need of medi
al servi
esgain more health bene�t when physi
ians are paid by FFS.Keywords: Physi
ian payment system; laboratory experiment; in
entives; fee-for-servi
e; 
apitationJEL-Classi�
ation: C91, I11
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1 Introdu
tionA 
entral 
on
ern in health e
onomi
s is to understand the in�uen
e of institutions on thebehaviour of a
tors on health 
are markets. In pra
ti
e, e�e
ts from 
hanging institutionslike the payment system during a health 
are reform are ex ante not ne
essarily knownto poli
y makers and may in�uen
e behaviour in an undesired way. Main addressees ofreforms are health 
are providers (physi
ians) whose behaviour is likely to be in�uen
edby the payment system. Theoreti
al health-e
onomi
 literature has highlighted the di�er-ent in
entives of 
ommonly used payment systems like fee-for-servi
e (FFS) or 
apitation(CAP). Under FFS physi
ians are paid for ea
h medi
al pro
edure or servi
e dispensed toa patient whereas under CAP, physi
ians re
eive a �xed payment for ea
h patient irrespe
-tive of the quantity of medi
al servi
es provided. FFS inherits an in
entive to `overserve'patients whereas CAP may lead to underprovision of medi
al servi
es (Ellis and M
Guire1986, Newhouse 2002).Field studies show that di�erent payment systems do a�e
t physi
ians' behaviour. Yet,the results are often not 
omparable be
ause of 
ountry-spe
i�
 institutional di�eren
es.1In some studies, more than one 
omponent of the payment system are varied simultane-ously making 
ausal inferen
es di�
ult or even impossible. A

ording to Gosden et al.(2001) the results are too 
ontradi
tory to draw a de�nite 
on
lusion on the dire
tion ofan e�e
t.Another empiri
al method is 
alled for that 
omplements �eld studies and over
omes(some of) the problems mentioned above. Fu
hs (2000) in his arti
le on the future of healthe
onomi
s argues that in
orporating methods of experimental e
onomi
s into health e
o-nomi
 resear
h may lead to great bene�ts for the latter. In a similar vein, Frank (2007)argues in favor of applying behavioural e
onomi
s methods in health e
onomi
s.Our study 
ontributes to the resear
h agendas suggested by Fu
hs and Frank. We use a
ontrolled laboratory experiment to improve the understanding of the institutional param-eter `payment system' by implementing the spe
i�
 features of FFS and CAP. The mainfo
us of our study is on how the two payment systems in�uen
e a physi
ian's provision ofmedi
al servi
es, and we abstra
t from fa
tors other than the payment system. Our studyis one of the very �rst ones ta
kling a health e
onomi
 topi
 by methods of experimentale
onomi
s.2In our experiment, experimental physi
ians � all of them medi
al students � de
ide onthe quantity of medi
al servi
es under the two payment systems. Patients gain a bene-�t from these servi
es, the patient bene�t measured in monetary terms. Only abstra
tpatients `parti
ipate' in our experiment. To provide the experimental physi
ians with anin
entive for favourable behaviour towards the patients, however, the money 
orrespondingto the bene�ts of all abstra
t patients is transferred to a 
harity 
aring for real patients.Our main �nding is that physi
ians are in�uen
ed by the payment system. In line with1See for example the studies by Stearns et al. (1992) and Davidson et al. (1992) in the US,Krasnik et al. (1990) in Denmark, Iversen and Lurås (2000) and Grytten and Sørensen (2001) in Nor-way, Hut
hinson et al. (1996), Devlina and Sarma 2008 and Dumont et al., 2008 in Canada.2Other studies are Fan et al. (1998), Ahlert et al. (2008) and Hennig-S
hmidt and Wiesen (2009).2



theoreti
al 
onsiderations, patients are overserved under FFS and underserved under CAP.Finan
ial in
entives are not the only motivation for physi
ians' quantity de
isions, though;the patient bene�t is of 
onsiderable importan
e as well. Patients are a�e
ted di�erentlyby the two payment systems. Those in need of a low level of medi
al servi
es are better o�under CAP, whereas patients needing a high level of medi
al servi
es gain a higher healthbene�t when physi
ians are paid by FFS.Our paper is organized as follows. Se
tion 2 sket
hes the theoreti
al and empiri
alliterature on physi
ian payment and in
entives most relevant to our resear
h topi
. Se
-tion 3 states our resear
h questions. Experimental design and pro
edure are des
ribed inSe
tion 4. Se
tion 5 provides a statisti
al analysis of subje
ts' behaviour within and a
rosspayment systems. Se
tion 6 
on
ludes.2 Related literatureIn the health e
onomi
s literature, several authors have highlighted the di�erent in
en-tives in 
ommonly used payment systems like fee-for-servi
e (FFS) or 
apitation (CAP).Conventional modeling of the physi
ian-patient intera
tion relies on pro�t maximization,however (for a summary see M
Guire, 2000). Re
ently, a number of authors depart frommodeling physi
ians as pure pro�t maximizers by allowing for patient benevolen
e in thephysi
ian's obje
tive fun
tion; see for instan
e Ellis and M
Guire (1986), Ma (1994, 2007),Ja
k (2005) and Choné and Ma (2007).In their seminal arti
le, Ellis and M
Guire (1986) let the physi
ian3 de
ide on the quan-tity of medi
al servi
es as an agent of the patient and the hospital. The physi
ian's utilityderives from two elements � the hospital's pro�t and the patient's bene�t. A

ording toNewhouse (2002), Ellis and M
Guire's model is also appli
able to a primary 
are settingrather resembling the setup we are interested in. This implies that the physi
ian is as-sumed to be 
on
erned about her own pro�t π and the patient bene�t B, both dependingon the quantity of medi
al servi
es q. A major argument for in
luding B into the physi-
ian's utility fun
tion is the professional 
ode of medi
al ethi
s the physi
ian is obliged to(Hippo
rati
 Oath).4 Ellis and M
Guire �nd that FFS provides an in
entive to overservepatients whereas CAP may lead to underprovision of medi
al servi
es. Moreover, 
apita-tion payments 
an 
ause underprovision of ne
essary servi
es (Blomqvist, 1991) and maylead to 
ream-skimming of patients (Newhouse, 1996 and Barros, 2003).A ri
h empiri
al literature has studied various aspe
ts of the relationship between themethod of physi
ian remuneration and physi
ian behaviour. Some empiri
al eviden
e sug-gests that physi
ians do respond to �nan
ial in
entives. Krasnik et al. (1990) in a before-and-after study, analyse behaviour of general pra
titioners in Denmark when the systemis varied from a (pure) lump-sum payment to CAP supplemented by a FFS 
omponent.They �nd diagnosti
 and 
urative servi
es to in
rease and the number of referrals to se
-ondary 
are and hospitals to de
rease. Con
erning referral rates, Iversen and Lurås (2000)3In the following, we denote the physi
ian as female and the patient as male.4See also Arrow (1963) who emphasized the importan
e of professional ethi
s; treatment should bedetermined by obje
tive needs and not be limited by �nan
ial 
onsiderations.3



arrive at a similar result. They analyse referrals from primary to se
ondary 
are revealedby Norwegian general pra
titioners when the payment system was 
hanged from a pra
ti
eallowan
e 
omponent5 
omplemented by a FFS-payment to a CAP-system with a lowerFFS-
omponent. The authors �nd referrals to be larger under CAP (with FFS-
omponent)
ompared to FFS (with pra
ti
e-allowan
e 
omponent). The in
rease in referrals may, how-ever, not only be attributable to CAP but rather to the lower FFS-
omponent.In a randomized 
ontrolled study, Davidson et al. (1992) investigate behaviour of o�
e-based primary 
are physi
ians under a FFS system with high and low fees and a CAP sys-tem. Patients were 
hildren enrolled in the US-Medi
aid program. Here, the frequen
y ofprimary 
are visits in the high FFS group was higher than in the CAP group. Apparently,CAP physi
ians 
onstrain the quantity of medi
al servi
es in order to redu
e their 
osts.The fundholding regulation6 in CAP may explain the lower referrals to se
ondary 
are asthe responsibility for 
hildren's medi
al 
ost seems to outweigh the in
entive to minimize
ost in CAP.In a more re
ent study, Dumont et al. (2008) analyse data on physi
ian servi
es fromthe Canadian provin
e Quebe
 before and after a variation from FFS to a mixed systemwith a base wage, independent of servi
es provided, and a redu
ed FFS payment. Theirresults suggest that physi
ians did rea
t to payment in
entives by redu
ing the volumeof (billable) servi
es under the mixed remuneration system. Moreover, these physi
iansin
reased the time spent per servi
e and per non-
lini
al servi
e. The latter are importantto insure the quality of health 
are but are not remunerated under FFS. The results ofDumont et al. suggest a quantity-quality substitution in health 
are provision.One of the most important if not the only 
ontrolled �eld experiment in health e
onomi
sis the RAND health insuran
e study (Newhouse and the Insuran
e Experiment Group 1993).The main goal of this experiment was to investigate the in�uen
e of the insuran
e system(patients' 
o-payment vs. free 
are) on patients' health 
are servi
e use and their healthstatus. It was found that all types of servi
es analysed in the study fell with 
ost sharingbut the redu
ed servi
e use had nearly no adverse e�e
t on health for the average person.Health among the si
k poor was adversely a�e
ted, however. A smaller part of the studywas devoted to analyzing the in�uen
e of the payment system. To this end, the authors
ompared the use of servi
es under fee-for-servi
e remuneration with that in a 
apitatedsta� model HMO (Health Maintenan
e Organisation).7 Cost savings were found to benoti
eable, in parti
ular due to lower hospital admission and lower estimated expenditure.Not all studies support the strong link between physi
ians' payment systems and theirbehaviour, however. For example, Hut
hinson et al. (1996) do not �nd di�eren
es when
omparing hospital utilization rates in Ontario (Canada) under FFS and CAP. For datafrom Norwegian physi
ians, Grytten and Sørensen (2001) �nd that after 
ontrolling for
hara
teristi
s of patients and general pra
titioners the e�e
ts of physi
ians' payment sys-5A pra
ti
e allowan
e is a �xed sum of money Norwegian physi
ians are paid when 
ontra
ting with theregional government.6Su
h a fundholding system has the following 
hara
teristi
s: i) the �nan
ial resour
es for ea
h patientare held in a fund and ii) the general pra
titioner is usually the de
ision-maker for allo
ating the funds.7In a sta� model HMO physi
ians typi
ally work on a salary basis.4



tems is rather small.What 
an be 
on
luded from the empiri
al literature 
ited above? Based on theirmeta-study, Gosden et al. (2001) a
knowledge some empiri
al eviden
e that the paymentsystem a�e
ts physi
ian behaviour. They stress, however, that �eld studies fa
e vari-ous di�
ulties like multiple and unobservable in�uen
es on physi
ians' de
isions, 
ontextand 
ountry-spe
i�
 payment system variations that make the generalization of resultsdi�
ult. In addition, several �eld studies su�er from methodologi
al problems when forinstan
e more than one 
omponent of the payment system is varied simultaneously. Wewill return to these issues in the next se
tion.3 Resear
h questionsOur main resear
h goal is to improve the understanding on how the institutional parameter`payment system' in�uen
es physi
ians' behaviour. To this end, we make use of experi-mental e
onomi
s methods by running a 
ontrolled laboratory experiment.Experimental e
onomi
s is a valid resear
h te
hnique that 
an su

essfully 
omplement�eld and survey studies. It has a variety of advantages 
ompared to the latter resear
happroa
hes (see Davis and Holt 1993, Falk and Fehr 2003). Experimental data is 
re-ated under 
ontrolled 
onditions. It is gathered in experimental sessions in whi
h humansubje
ts supplied with monetary in
entives8 make real de
isions in e
onomi
ally relevantde
ision situations. Experimental 
onditions and variables of interest 
an be varied in a
ontrolled manner. Exogenous 
eteris paribus variations (e.g. of the payment system)
an be easily implemented. Therefore, 
hanges in behaviour 
an be attributed to thesemodi�
ations. Di�erent experimenters 
an repeat the same experiment under 
omparable
onditions to test for the robustness of the results.Contrary to laboratory data, �eld data are 
olle
ted from a natural environment wheremany fa
tors in�uen
e the variable(s) of interest in a way the resear
her usually 
annot
ontrol.9 These are for instan
e institutional parameters, physi
ians' 
hara
teristi
s, un-
ertainty about the impa
t of medi
al servi
es provided as well as patient 
hara
teristi
slike health status or type of insuran
e. Constant patient populations during a transitionof payment systems is important for the validity of results but 
an most often not be guar-anteed. Also, the methodologi
al de�
ien
ies mentioned in the se
tion above should notbe negle
ted (see Gosden et al. 2001). This said, laboratory experimentation apparentlyis a suitable resear
h method to su

essfully 
omplement theoreti
al analyses and othermethods of empiri
al investigation.Despite the advantages of experimental e
onomi
s, obje
tions like non-representativestudent subje
t pools, low in
entives, a small number of observations and the simple envi-ronment should be taken seriously. Yet, 
areful experimentation 
an avoid many of theseproblems (see Falk and Fehr 2003).8Parti
ipants are paid be
ause they are likely to behave di�erently when monetary 
onsequen
es are in-volved as 
ompared to hypotheti
al 
hoi
es (see Camerer and Hogarth 1999 and Hertwig and Ortmann2001).9See, however, the RAND health insuran
e experiment (Newhouse and the Insuran
e Experiment Group1993) 5



We are aware that our experiment is very simplisti
; in reality, a physi
ian's de
isionsituation is mu
h more 
omplex. Yet, as the goal of the present study is to highlight funda-mental 
onsequen
es of the payment system for physi
ians' behaviour we think simpli
ityto be an advantage rather than a de�
ien
y.The fo
us of our study is on how the pure payment systems FFS and CAP in�uen
ean experimental physi
ian's provision of medi
al servi
es. We in
orporate the two majordeterminants that a

ording to the theoreti
al literature referred to in Se
tion 2 in�uen
ea physi
ian's behaviour, the own pro�t and the patient's bene�t. We also in
lude patientswith di�erent health status, so-
alled patient types, to a

ount for heterogeneity in thepatient population.Our �rst resear
h question is 
on
erned with behaviour in FFS. Given our experimentalparameters, do experimental physi
ians tend to behave a

ording to what theory predi
tsin that they 
hoose a quantity of medi
al servi
es qFFS larger than the patient's optimalquantity q∗ if the pro�t-maximal quantity q̂ ex
eeds q∗? Taking q∗ as the ben
hmark forthe right (best) medi
al treatment, we 
onje
ture patients to be overserved under FFS.Se
ond, we are interested in behaviour under CAP. A

ording to predi
tions fromtheoreti
al models we expe
t patients to be underserved in that physi
ians 
hoose qCAPlower than q∗.Third, we are 
on
erned with resear
h questions related to the 
onsequen
es of bothpayment systems. How does provision behaviour under CAP 
ompare to behaviour underFFS? Based on our previous 
onje
tures, we expe
t experimental physi
ians in FFS to
hoose more medi
al servi
es than in CAP. Moreover, does the mode of payment havean impa
t on whether and how experimental physi
ians besides their own pro�t take thepatient bene�t into a

ount? Given the professional 
ode of medi
al ethi
s physi
ians areobliged to, we expe
t them not to behave in a 
ompletely self-interested manner.We also analyse the previous questions with regard to patient types. Does the paymentsystem a�e
t patients with di�erent health status di�erently as to physi
ians' treatment? Ifso, are there di�eren
es between FFS and CAP? We expe
t this to be the 
ase. The RANDhealth insuran
e experiment (Newhouse and the Insuran
e Experiment Group 1993), forinstan
e, showed 
ertain albeit small adverse health 
onsequen
es 
on
entrated amongsi
k people from the lowest in
ome group.The last resear
h question 
on
erns the tradeo� between own pro�t and patient bene�tthe experimental physi
ians are fa
ed with. In our experiment, several Pareto-e�
ientquantity de
isions exist for ea
h patient. Here, physi
ians 
an neither make the patientbetter o� without foregoing own pro�t nor make themselves better o� without indu
ing abene�t loss to the patient. We are spe
i�
ally interested in the following questions: Doesbehaviour with regard to Pareto e�
ien
y and tradeo�s vary in the two payment systems?Can a 
lassi�
ation of behaviour help us to get deeper insights into de
ision making likeit has helped to explain behaviour in other game settings (e.g. Selten and O
kenfels 1998and Fis
hba
her et al. 2001)?
6



4 Experimental design and pro
edure4.1 Design and parametersWe analyse physi
ians' provision behaviour under the two payment systems FFS and CAP.No other experimental parameter is varied. The experimental design allows for a 
ontrolled
eteris paribus variation and a between-subje
t 
omparison.Ea
h subje
t taking part in our experiment is allo
ated to a physi
ian's role de
iding onthe quantity of medi
al servi
es to be provided for given patients. Parti
ipants are medi-
al students expe
ted to be
ome physi
ians in the future. We deliberately 
hose medi
alstudents as they most likely will identify with the de
ision task in our experiment. Andwe used a 
ontext-spe
i�
 framing (see the instru
tions in the appendix). Both featuresare important as we are interested in how subje
ts de
ide in a medi
al 
ontext, and iden-ti�
ation as well as framing seems to matter for behaviour.10We run two treatments. In FFS, physi
ians re
eive a fee for ea
h unit of medi
al servi
eprovided. In CAP, they are paid a lump-sum payment (
apitation) per patient indepen-dent of the number of medi
al servi
es they dispense. All monetary amounts are measuredin Taler, our experimental 
urren
y, the ex
hange rate being 1 Taler = 0.05 EUR (about$0.07).Our experimental physi
ians' task is to treat patients by providing them with medi
alservi
es. Patients gain a bene�t from these servi
es. The patient bene�t is measured inmonetary terms. Three types of patients exist. These types di�er in the `bene�t fun
tions'that relate the bene�t a patient re
eives to the number of servi
es a physi
ian provides.In parti
ular, patients of di�erent types need di�erent amounts of servi
es in order to gettheir optimal treatment (maximum bene�t); for spe
i�
ations of all fun
tions see below.Patients in our experiment are abstra
t in that no real persons parti
ipate. Yet, to provideexperimental physi
ians with an in
entive for favourable behaviour towards the patients,the money 
orresponding to the bene�ts of all abstra
t patients is transferred to a 
harity
aring for real patients.Patients are further 
hara
terized by illnesses. An illness has no impa
t on patients'bene�ts. In FFS, it has an impa
t on physi
ians' remuneration, however, as the `remunera-tion fun
tion' that relates a physi
ian's remuneration to the number of servi
es a physi
ianprovides is determined by the respe
tive illness. In parti
ular, maximum remunerationsdi�er a
ross the �ve existing illnesses. The same holds for maximum pro�ts be
ause the
osts a physi
ian has to bear are kept 
onstant for all de
isions and a
ross treatments.Re
all that in CAP, physi
ians are paid a lump-sum 
apitation per patient. Therefore,neither illnesses nor the number of medi
al servi
es they dispense have an impa
t on theirremuneration.In the remainder of this subse
tion we des
ribe the experimental design in more de-tail. Physi
ians de
ide on the quantity q ∈ {0, 1, . . . , 10} of medi
al servi
es to be10Ahlert et al. (2008) �nd less sel�shness (higher identi�
ation) of physi
ians in a medi
al (familiar) fram-ing than in a neutral (unfamiliar) environment. A re
ent own study shows non-medi
al students tobehave mu
h more sel�sh than medi
al students (Hennig-S
hmidt and Wiesen 2009).7



provided to their patients.11 They de
ide for �ve abstra
t illnesses A,B,C,D,E12 ofthree patient types 1, 2, 3. Patient types di�er in their bene�t from medi
al servi
es(B1(q), B2(q), B3(q)). Ea
h 
ombination of patient type and illness represents a spe
i�
patient 1A, 1B, 1C, . . . , 3D, 3E (Table 1). By ea
h de
ision (j = 1, . . . , 15), physi
ians si-multaneously determine their own pro�t and the bene�t of a given patient. The patientis assumed to be passive and fully insured a

epting ea
h medi
al servi
e 
hosen by aphysi
ian. Table 1: Order of de
isionsDe
ision (j) 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15Patient type 1 1 1 1 1 2 2 2 2 2 3 3 3 3 3Illness A B C D E A B C D E A B C D EPatient 1A 1B 1C 1D 1E 2A 2B 2C 2D 2E 3A 3B 3C 3D 3EPhysi
ians' remuneration. In FFS, physi
ians re
eive a fee for ea
h unit of medi
al servi
eprovided. Fees di�er a
ross servi
es and illnesses. As points of referen
e for our experi-mental fees we used tari�s for ophthalmologist servi
es (like the treatment of glau
oma or
atara
t) taken from the German s
ale of 
harges and fees for physi
ian servi
es (EBM)13.Remuneration R(q) in
reases in the quantity of medi
al servi
es 
hosen (see Table 2).In CAP, physi
ians are paid a lump-sum payment R per patient independent of theirTable 2: Physi
ians' remuneration R(q)Quantity (q)Illness 0 1 2 3 4 5 6 7 8 9 10FFS A 0.00 1.70 3.40 5.10 5.80‡ 10.50 11.00 12.10 13.50 14.90 16.60B 0.00 1.00 2.40 3.50 8.00 8.40 9.40 16.00 18.00 20.00 22.50C 0.00 1.80 3.60 5.40 7.20 9.00 10.80 12.60 14.40 16.20 18.30D 0.00 2.00 4.00 6.00 8.00 8.20 15.00 16.90 18.90 21.30 23.60E 0.00 1.00 2.00 6.00 6.70 7.60 11.00 12.30 18.00 20.50 23.00CAP 12.00 12.00 12.00 12.00 12.00 12.00 12.00 12.00 12.00 12.00 12.00
‡ Due to a display error on subje
ts' s
reens, physi
ians' remuneration for illness A at qj = 4 wasspe
i�ed at 8.40 instead of 5.80. Physi
ian's pro�ts were displayed 
orre
tly, however. See theparagraph on physi
ian's pro�t below.quantity de
ision. To make treatments 
omparable, R was spe
i�ed at 12 Taler in CAPwhi
h is slightly above the average maximum pro�t per patient a physi
ian 
ould a
hievein FFS (11.08 Taler).Patient bene�t. Patients gain a bene�t from medi
al servi
es, the patient bene�t B(q)measured in monetary terms. Patient bene�ts vary a
ross patient types. This re�e
ts theheterogeneity of the patient population treated by a physi
ian in reality, e.g. with regardto a patient's health status or di�erent severities of illness. Table 3 shows patient bene�ts

B(q) given the quantity of medi
al servi
es provided. A 
ommon 
hara
teristi
 of B(q) is11The range of servi
es physi
ians 
an 
hoose from may be interpreted as those eligible for a patient
ontra
ting with a 
ertain health plan.12We did not spe
ify real illnesses be
ause this turned out not to be feasible in the experimental setup.13The German EBM lists medi
al servi
es and the respe
tive fees.8



a global optimum q∗ ∈ [0, 10]. The patient optimal quantity (q∗) yields the highest bene�t
B(q∗j ) from medi
al servi
es to the patient. The patient's optimal quantity is q∗j = 5 forpatient type 1 (j = 1, . . . , 5), q∗j = 3 for patient type 2 (j = 6, . . . , 10) and q∗j = 7 forpatient type 3 (j = 11, . . . , 15). After having rea
hed the optimum, B(q) de
lines be
auseproviding more medi
al servi
es than q∗ 
ontributes negatively to a patient's bene�t atthe margin. Taking q∗ as the ben
hmark for the right (best) medi
al treatment, we 
anidentify overprovision and underprovision, respe
tively.Table 3: Patient bene�t B(q)Quantity (q)Patient type 0 1 2 3 4 5 6 7 8 9 101 0.00 0.75 1.50 2.00 7.00 10.00‡ 9.50 9.00 8.50 8.00 7.502 0.00 1.00 1.50 10.00‡ 9.50 9.00 8.50 8.00 7.50 7.00 6.503 0.00 0.75 2.20 4.05 6.00 7.75 9.00 9.45‡ 8.80 6.75 3.00

‡ Patient optimal quantity q∗j yields the highest bene�t B(q∗j ) from medi
al servi
es to the patient.It is 
ru
ial that the experimental physi
ians have an in
entive to take the patientbene�t into a

ount. Therefore, the money 
orresponding to the bene�ts of all abstra
tpatients aggregated over all de
isions of all physi
ians was transferred to a 
harity 
aringfor real patients � the Christo�el Blindenmission. To verify that the money was a
tuallytransferred we applied a pro
edure similar to the one used in E
kel and Grossman (1996).In ea
h session, a monitor randomly sele
ted from the parti
ipating subje
ts must verify,by a signed statement, that a 
he
k for the total patient bene�t is written and sealed in anenvelope addressed to the 
harity. The monitor and experimenter then walk together tothe nearest mailbox and deposit the envelope. The monitor was paid an additional 4 EUR.Physi
ians' pro�t. Further parameters relevant for physi
ians' de
isions are 
osts andpro�t. Like real do
tors, the experimental physi
ians have to bear 
osts depending on thequantity of medi
al servi
es they 
hoose. We use a 
onvex 
ost fun
tion as assumed inseveral theoreti
al models (e.g. Ma 1994, 2007 and Choné and Ma 2007). c(qj) = 0.1q2j
∀q ∈ [0, 10], j = 1, 2, . . . , 15 is applied in both treatments.Pro�t (remuneration minus 
osts) varies a
ross illnesses in FFS be
ause fees di�er forTable 4: Physi
ians' pro�t π(q)Quantity (q)Illness 0 1 2 3 4 5 6 7 8 9 10FFS A 0.00 1.60 3.00 4.20 4.20 8.00‡ 7.40 7.20 7.10 6.80 6.60B 0.00 0.90 2.00 2.60 6.40 5.90 5.80 11.10 11.60 11.90 12.50‡C 0.00 1.70 3.20 4.50 5.60 6.50 7.20 7.70 8.00 8.10 8.30‡D 0.00 1.90 3.60 5.10 6.40 5.50 11.40 12.00 12.50 13.20 13.60‡E 0.00 0.90 1.60 5.10 5.10 5.10 7.40 7.40 11.60 12.40 13.00‡CAP 12.00‡ 11.90 11.60 11.10 10.40 9.50 8.40 7.10 5.60 3.90 2.00

‡ Physi
ians' maximum pro�t π(q̂j) a

ording to the pro�t-maximizing quantity of medi
al ser-vi
es q̂j.illnesses, and 
osts are the same for all patients. In CAP, on the other hand, pro�t doesnot vary with illnesses and patient types (see Table 4). Remember that patient bene�t9



Figure 1: Patient bene�t and physi
ian's pro�t for patient 1E (de
ision j = 5)
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does, however.For all patients in FFS, ex
ept for patient 1A (j = 1), the physi
ian en
ounters atradeo� between patient optimum and own pro�t maximization in that q∗j di�ers from thepro�t maximizing quantity (q̂j). At j = 1 (patient 1A), q̂j = q∗j = 5. For patient 3A(j = 11), 5 = q̂j < q∗j = 7. Ex
ept for illness A (j = 1, 6, 11) where q̂j = 5, the maximalpro�t is a
hieved at qj = 10 (see left panel of Figure 1 for j = 5).In CAP, q̂j = 0 for ea
h de
ision j = 1, . . . , 15. A higher patient bene�t 
an onlybe a
hieved by a physi
ian's deviating from her own maximal pro�t (see right panel ofFigure 1 for j = 5).4.2 Pro
edureThe 
omputerized experiment was 
ondu
ted in BonnE
onLab, the Laboratory for Ex-perimental E
onomi
s at the University of Bonn. 42 medi
al students parti
ipated, 20 inFFS (one session) and 22 in CAP (two sessions). We thus base our analysis on 42 in-dependent observations. Subje
ts were re
ruited by the online re
ruiting system ORSEEGreiner (2004) promising a monetary reward for parti
ipation in a de
ision-making task.The experiment was programmed using the software z-Tree (Fis
hba
her 2007).Upon arrival, parti
ipants were randomly allo
ated to 
ubi
les where they took theirde
isions in 
omplete anonymity. Then, subje
ts were provided with the instru
tions thatwere read out aloud by the experimenter. Subje
ts was given plenty of time for 
larifyingquestions whi
h were asked and answered in private. To 
he
k for subje
ts' understandingof the experiment we asked them to answer three test questions stru
tured like the a
tualexperiment but with di�erent parameter values. The experiment was not started unlessall parti
ipants had answered all test questions 
orre
tly.The experimental physi
ians then made their 15 quantity de
isions the sequen
e ofwhi
h was predetermined and kept a
ross treatments (see Table 1). Having made their
hoi
es, subje
ts were asked to �ll in a 
omputerized questionnaire explaining their moti-vations and the fa
tors having in�uen
ed their de
isions. Finally, the monitor was assignedrandomly. After the experiment, subje
ts were paid in private a

ording to their 
hoi
es.At last, the monitor veri�ed that a 
he
k on the bene�ts of all patients was written and10



sealed in an envelope addressed to the Christo�el Blindenmission. The monitor and ex-perimenter then walked together to the nearest mailbox and deposited the envelope.Sessions lasted for about 40 minutes. The ex
hange rate per Taler was 0.05 EUR. Onaverage subje
ts earned 6.88 EUR in FFS and 7.42 EUR in CAP.14 In total, 273.68 EURwere transferred to the Christo�el Blindenmission, 6.62 EUR per parti
ipant in FFS and6.42 EUR in CAP. The money supported surgi
al treatments of 
atara
t patients in ahospital in Masvingo (Zimbabwe) sta�ed by ophthalmologists of the Christo�el Blinden-mission. Average 
osts for su
h an operation amounted to 30 EUR. Thus, the money fromour experiment allowed to treat nine patients. Note that subje
ts were not informed aboutthe money being assigned to a developing 
ountry (see the instru
tions in the Appendix).5 ResultsIn the present se
tion, we investigate physi
ians' behaviour, both from the physi
ian'sand from the patient's perspe
tive for FFS as well as for CAP. Moreover, we analysethe in�uen
e of physi
ians' pro�ts and the patient bene�t, and we study the impa
t ofthe payment system on patients' health status. We 
ompare behaviour a
ross treatmentsand, �nally, we analyse how physi
ians' behaviour is a�e
ted by Pareto e�
ien
y, i.e. bytradeo�s between physi
ians' pro�t and patient bene�t.5.1 Physi
ians' behaviour in FFSOur �rst resear
h question is related to behaviour under FFS. Remember that q̂j = q∗j for
j = 1 (patient 1A), and q̂j < q∗j for j = 11 (patient 3A). Figure 3 shows absolute frequen
iesof all physi
ians' de
isions for all patients. On average, 6.60 medi
al servi
es are provided(median 7.00, SD 1.85). To study how patients are treated we analyse the quantity ofFigure 2: Absolute frequen
ies of quantity de
isions per patient in FFS
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medi
al servi
es provided for ea
h patient averaged over all physi
ians (qj =
∑20

i=1 qij/20).Result FFS1. In FFS, patients are overserved.14Average payo�s 
orrespond to the hourly wage of a student helper at the University of Bonn (8.32 EUR).A lun
h at the student 
afeteria is around 2.50 EUR.11



Support: qj > q∗j for the 13 patients where q̂j > q∗j . Patient 1A (j = 1) is treatedoptimally by all physi
ians i, whereas patient 3A (j = 11) is underserved. Testing overall patients, qj is highly signi�
antly larger than q∗j (p = 0.002, Wil
oxon signed rankstest, two-sided). Individual physi
ians largely deviate from 
hoosing the patient optimalquantities. The mean deviation from q∗j , µi =
∑15

j=1(qij−q
∗
j )/15, is positive for 17 of the 20physi
ians, and zero for the remainder (see Table A.1 in the Appendix). Thus, signi�
antlymore physi
ians provide medi
al servi
es that are larger than q∗j (p = 0.003, binomial test,two-sided).Next we investigate the impa
t of patient types on physi
ians' provision behaviour.Result FFS2. Overprovision in FFS depends on patient types.Support: Support is provided by test statisti
s of an order test (see Selten 1967 and Kuon,1994) 
omparing the given order of average servi
es per patient type with the perfe
t order(2, 1, 3) that a

ounts for q∗ of ea
h patient type.15 There are six di�erent possibilities toassign three ranks. The null hypothesis of the order test is that for ea
h subje
t the orderof observed values is arbitrary implying the mean inversion (standard deviation) being

µ = 1.5 (σ = 0.9574). As we observe 0.563 average inversions only, the null hypothesis
an be reje
ted at the 1% level. A more in-depth analysis shows all patients of type 1and 2 to be overserved (ex
ept for patient 1A) in that the number of physi
ians 
hoosing
qij > q∗j is larger than the number of physi
ians 
hoosing qij ≤ q∗j . This is signi�
ant forfour patients of type 1 and type 2 ea
h (p ≤ 0.041 binomial test, two-sided; see line I/FFSin Table A.2). Patients of type 3 are treated in a less 
onsistent way. Patient 3A (3E) isunderprovided (overprovided) and the remaining patients are treated optimally by at leasthalf of the physi
ians.Physi
ian's pro�t. A physi
ian's quantity de
ision determines her own pro�t. A

ordingto our resear
h questions we are interested in whether pro�t maximizing is a main obje
tivein general. As only 12% of the overall 
hoi
es 
oin
ide with q̂j this is rather not the 
ase.The maximum pro�t π(q̂j) a physi
ian 
an a
hieve in FFS is 8.00 (12.50, 8.20, 13.60, 13.00)Taler for illness A (B, C, D, E); re
all parameter values from Table 4. Choosing q̂j for all jwould have yielded an average payo� of 11.08 Taler. Physi
ians' a
tual quantity de
isionsresulted in an average overall pro�t of 9.17 Taler (median 8.00 Taler, SD 2.69 Taler), i.e.17% lower than π(q̂j). Average pro�ts for ea
h physi
ian i vary between 6.53 and 10.93Taler (see Table A.4).16 Testing over all patients, π(qj) is highly signi�
antly lower than
π(q̂j) (p = 0.001, Wil
oxon signed ranks test, two-sided).15The logi
 behind the order test is the following. When a physi
ian's quantity 
hoi
e is in�uen
ed bypatient types (q∗ per type), patients in need of a large (low) quantity of medi
al servi
es should onaverage re
eive a large (low) amount of medi
al treatment. If a physi
ian behaves a

ordingly the ranksassigned to the mean quantities provided per patient type should follow a �perfe
t order�, namely 2, 1, 3.A measure for the di�eren
e between the a
tual order and the perfe
t order is the number of inversions,i.e. the number of pairwise 
hanges ne
essary to transform the given order into the perfe
t order. We
al
ulate the average quantity per patient type for ea
h of those 16 physi
ians whose observed order
omprises three di�erent values and rank them a

ording to their magnitude (see Table A.5). For ea
hphysi
ian, we then 
al
ulate the number of inversions ne
essary to a
hieve the perfe
t order of ranks.16For average pro�t per patient see Table A.3. 12



We are also interested in whether pro�ts are a�e
ted by patient types. To this end,we study the deviation of ea
h individual physi
ian's pro�t from her pro�t maximum, i.e.
π̂j−πij , for patient types separately. For the sake of 
omparability between FFS and CAPdata, we 
ompute for ea
h patient the relative deviation ∆πij = (π̂j − πij)/π̂j . Table A.3shows ∆πij averaged over all physi
ians. Highest deviations of up to 29% are found forpatients 2B and 2E, whereas lowest deviations of less than 10% o

ur for patients 3A and3C. There is no deviation for patient 1A be
ause here all physi
ians 
hoose their pro�tmaximum that 
oin
ides with the patient bene�t optimum. Average pro�t deviation is14.66% for patients of type 117, 21.92% for those of type 2 and 11.98% for patients oftype 3.Patient bene�t. A physi
ian's de
ision also determines the patient bene�t. In FFS � likein CAP � the bene�t maximum for patients of type 3 (B3(q

∗
j )) is 9.45 Taler. B1(q

∗
j ) =

B2(q
∗
j ) = 10 Taler (see Table 3). If physi
ians always 
hose the patient optimal quantity,patients would have re
eived an average bene�t B(q∗j ) of 9.82 Taler. A
tual average patientbene�t is 8.83 Taler (median 9.00 Taler, SD 1.10 Taler), i.e. 10% lower than B(q∗j ). Further,average patient bene�ts determined by physi
ian i vary between 7.52 and 9.82 Taler (seeTable A.4).Summary: Under FFS patients are overserved in that subje
ts on average 
hoose quanti-ties of medi
al servi
es larger than the patient's optimal quantity. Provision is dependenton patient types as is the deviation of pro�ts from the pro�t maximum. The levels ofoverprovision and of pro�t deviations tend to de
rease with in
reasing needs of servi
es.Physi
ians do not go for the maximal pro�t. This behaviour resulted in patients re
eivinga substantial bene�t, only 10% on average less than the maximal amount.5.2 Physi
ians' behaviour in CAPOur se
ond resear
h question deals with behaviour under CAP. Re
all that 0 = q̂j < q∗j forall patients (de
isions j). Figure 3 shows absolute frequen
ies of all physi
ians' de
isionsfor all patients. On average, physi
ians 
hose 4.40 medi
al servi
es (median 5.00, SD 1.64).Figure 3: Absolute frequen
ies of quantity de
isions per patient in CAP
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17If we negle
t patient 1A, ∆πij = 18.32%. 13



Result CAP1. In CAP, patients are underserved.Support: qj ≤ q∗j for 11 patients. Three patients (2A, 2B, 2C) are slightly overservedon average. Only patient 2E re
eives an optimal treatment on average. Testing over allpatients, qj is signi�
antly smaller than q∗j (p=0.0105, Wil
oxon signed ranks test, two-sided). Individual physi
ians largely deviate from the patient optimal quantity; but in
ontrast to FFS, they underserve in CAP. µi is negative for 16 of the 22 physi
ians; µi ≥ 0for the remainder (Table A.1). Thus, weakly signi�
anly more physi
ians 
hoose quantitessmaller than q∗j (p = 0.052, Binomial test, two-sided).Next we investigate whether underprovision is related to patient types.Result CAP2. Underprovision in CAP depends on patient types.Support: We again apply the order test and in
lude those 19 subje
ts whose observedorder 
omprises three di�erent values (see Table A.5). Also in CAP, the order test reveals
hoi
es to be heavily dependent on patient types. We observe 0.158 average inversions.Thus the null hypothesis 
an be reje
ted at the 1% level. Analyzing the data in moredetail shows that although patients are underserved on average, the number of physi
ians
hoosing q∗j is larger than the number of physi
ians not 
hoosing q∗j for all patients of type1 and 2. This is signi�
ant for four patients of type 2 (binomial test two-sided; see lineI/CAP in Table A.2).18 Patients of type 3 are underserved in that the number of physi
ians
hoosing qj < q∗j is larger than the number of physi
ians 
hoosing q∗j .19 This is weaklysigni�
ant for one patient of type 3 (binomial test two-sided; see line I/CAP in Table A.2).Moreover, the level of underprovision νj is highest for patient type 3 and lowest for patienttype 2 (see Table A.3).Physi
ian's pro�t. The maximum pro�t π(q̂j) a physi
ian 
an a
hieve in CAP is 12.00Taler for all illnesses (see Table 4). Physi
ians' a
tual quantity de
isions resulted in anaverage pro�t π(qj) of 9.79 Taler (median 9.50 Taler, SD 1.52 Taler), i.e. 18% lower than
π(q̂j). Average pro�ts for ea
h physi
ian i vary between 7.84 and 11.48 Taler (see TableA.4).20 Testing over all patients, π(qj) is highly signi�
antly lower than π(q̂j) (p = 0.000,Wil
oxon signed ranks test, two-sided).How are pro�ts a�e
ted by patient types in CAP? Table A.3 shows ∆πij averaged overall physi
ians. Highest deviations of 25 to 30% are found for patients of type 3 whereaslowest deviations of 7 to 11% o

ur for patients of type 2. Average pro�t deviations are18.75% (8.71%) for patients of type 1 (2) and 27.67% for those of type 3.Patient bene�t. The maximal average bene�t a patient 
ould gain in CAP, like in FFS,is 9.82 Taler if physi
ians always provided the patient optimal quantity. A
tual averagepatient bene�t is 8.56 Taler (median 9.75 Taler, SD 2.46 Taler), i.e. 13% lower than B(q∗j ).18On average, 14.6 (18.4) physi
ians treat patients of type 1 (2) optimally, 6.2 (1.4) underprovide and 1.2(2.2) overprovide.19On average, 14.2 physi
ians underserve patients of type 3, 0.2 overprovides and 7.6 treat their patientsoptimally.20For average pro�t per patient see Table A.3. 14



Further, average patient bene�ts determined by physi
ian i vary between 2.73 and 9.82Taler (see Table A.4).Summary: Under CAP patients are underprovided in that physi
ians on average 
hoosequantities of medi
al servi
es smaller than the patient's optimal quantity. Provision ofservi
es and the deviation of pro�ts from the pro�t maximum are strongly in�uen
ed bypatient types, i.e. with in
reasing needs for servi
es the levels of underprovision and pro�tdeviations tend to in
rease. Also in CAP, physi
ians do not strive for the maximal pro�t.Patients re
eived a bene�t being on average 13% lower than the maximum bene�t.5.3 Comparison of behaviour between FFS and CAPOur third resear
h question is related to the 
onsequen
es of both payment systems. Weare 
on
erned with di�eren
es in the experimental physi
ians' behaviour a
ross treatmentsand how patient types are a�e
ted. We 
ompare physi
ians' pro�ts, the provision ofmedi
al servi
es, deviations from q∗j , and patient bene�t losses a
ross payment systems forall patients and for patient types separately.The results above have already shown that experimental physi
ians 
hoose more medi
alservi
es in FFS than in CAP. Thus, the next result impli
itly follows from Results FFS1and CAP1.Result COMP1. Patients are provided with more medi
al servi
es in FFS than in CAP.Support: Eviden
e is provided by Figure 4 showing the average quantity of medi
alservi
es per de
ision (patient) in both treatments. Not only do physi
ians in FFS onaverage provide 50% more servi
es than in CAP (6.60 vs. 4.40; median: 7.00 vs. 5.00;SD: 1.85 vs. 1.64) but for ea
h de
ision j, qFFSj > qCAPj . This is highly signi�
ant(p = 0.0000, Mann-Whitney U test, two-sided). The pi
ture is similar when 
omparingindividual de
isions a
ross treatments for ea
h patient. Ex
ept for patients 1A and 3A,
qFFSij is signi�
antly larger than qCAPij (p ≤ 0.0010, Mann-Whitney U test, two-sided; seeline II in Table A.2). Thus, in FFS a signi�
antly higher number of patients is providedwith signi�
antly more medi
al servi
es 
ompared to CAP (p = 0.007, binomial test, two-sided).Physi
ian's pro�t. Physi
ian's own pro�t π(qij) 
ertainly is an important behaviouraldeterminant in both treatments. As already mentioned, 
hoosing q̂j for all j in FFS wouldhave yielded an average payo� π(q̂j) of 11.08 Taler. In CAP, the maximal pro�t is 12.00Taler for all illnesses.What did physi
ians a
tually do? They provided quantities of medi
al servi
es su
hthat their average pro�ts are very similar in both treatments but about 17% lower than
π(q̂j) (FFS: 9.17 Taler, CAP: 9.79 Taler). Average pro�ts for ea
h physi
ian i vary between6.53 and 10.93 Taler in FFS and between 7.84 and 11.48 Taler in CAP. In both paymentsystems, the average physi
ian does not aim at the maximal a
hievable pro�t even thoughsingle physi
ians 
ome very 
lose to π(q̂j) (see Table A.4).To answer the question how pro�ts are a�e
ted by patient types, we 
ompare ∆πij15



Figure 4: Average quantity of medi
al servi
es per de
ision (patient)
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a
ross treatments. Ex
ept for patients 1C, 1E, 2C, and 3E, we �nd (weakly) signi�
antdi�eren
es between treatments.21 For patients of type 2, ∆πFFSij > ∆πCAPij , for patientsof type 3 the reverse holds.Patient bene�t and patient bene�t loss. We next 
ompare the two payment systems withregard to how patients' health status is a�e
ted by physi
ians' 
hoi
es. To this end, we�rst fo
us on the optimal treatment and deviations thereof. We then 
on
entrate on thebene�t losses patients su�er on average when some or all of them are not treated optimally.Result COMP2. Patient optimal quantities exert a stronger in�uen
e on physi
ians'behaviour in CAP than in FFS.Support: Support 
omes from analyzing physi
ians' 
hoi
es with regard to the patientoptimal quantity. In CAP, the per
entage of physi
ians 
hoosing q∗j per patient is signif-i
antly higher than in FFS (p = 0.014, Mann-Whitney U test, two-sided). If physi
iansdeviate they tend towards opposite dire
tions; a signi�
antly larger share provides servi
eslarger than q∗j in FFS 
ompared to CAP (p = 0.000, Fisher exa
t test, two-sided). In FFS,
µi > 0 ex
ept for physi
ians i = 3, 4, 17; in CAP, µi ≤ 0 ex
ept for physi
ians i = 4, 19 (seeTable A.1). Analyzing patient types separately, we �nd all patients of type 2 in CAP toget a better treatment in that signi�
antly more physi
ians per patient 
hose q∗j 
omparedto FFS (p ≤ 0.011, Fisher exa
t test; see line III in Table A.2). The same applies toall patients of type 1 ex
ept for patient 1A22 (p ≤ 0.009, Fisher exa
t test). Eviden
e ismixed for patients of type 3. We �nd no signi�
ant di�eren
e for patients 3A, 3C, 3E. Forpatients 3B and 3D physi
ians 
hoose q∗j signi�
antly more often in FFS than in CAP (seeline III in Table A.2). In both treatments, the bene�t maximum for patients of type 3(B3(q

∗
j )) is 9.45 Taler. B1(q

∗
j ) = B2(q

∗
j ) = 10 Taler resulting in B(q∗j ) = 9.82 in FFS andin CAP. Our experimental physi
ians a
tually provide quantities of medi
al servi
es su
h21For type 1: p ≤ 0.059; for type 2: p ≤ 0.018; for type 3: p = 0.000, all Mann-Whitney U test, two-sided;see line IV in Table A.2.22Here, physi
ians in FFS make signi�
antly more q∗j -
hoi
es (p = 0.006, Fisher exa
t test; see line III inTable A.2). 16



that the average patient bene�t B(qj) was slightly larger in FFS (8.83 Taler) than in CAP(8.56 Taler) and around 10% smaller than B(q∗j ). These numbers seem to suggest thatnearly no di�eren
es between payment systems exist. Yet, the pi
ture is di�erent whenhaving a 
loser look at the data. Fo
using on single patients and their health status we,like Newhouse and the Insuran
e Experiment Group (1993), �nd patients to be a�e
teddi�erently by the mode of payment (see below). Moreover, average patient bene�ts varybetween 7.52 and 9.82 Taler in FFS and between 2.73 and 9.82 Taler in CAP (see Ta-ble A.4).Whenever a physi
ian i deviates from 
hoosing q∗j � when patients are either under- oroverprovided � patients su�er a bene�t loss (ψ(qji) = |B(qij) −B(q∗j )|).Figure 5: Average bene�t loss per patient
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FFS CAPResult COMP3. Bene�t losses per patient depend on patient types and di�er a
rosstreatments.Support: Figure 5 
ontrasts the average bene�t loss per patient a
ross treatments. For10 of the 15 patients, ψ(qj)
CAP > ψ(qj)

FFS . The bene�ts loss in FFS is larger for theremaining patients (see also Table A.3). Bene�t losses di�er signi�
antly for all patientsof type 2 (p ≤ 0.027, Mann-Whitney U test, two-sided, see line IV in Table A.2). Lossesare larger in FFS for patients 2B, . . . , 2E; the reverse holds for patient 2A. For 9 of the 10patients of types 1 and 3, bene�t losses in CAP are larger than in FFS. Di�eren
es areonly signi�
ant for two patients of type 1 and 3 ea
h.23Result COMP3 suggests that for patients in need of a small quantity of medi
al servi
eslike patients of type 2, a smaller bene�t loss results when physi
ians are paid by CAP.Patients in need of a larger quantity of medi
al servi
es, like patients of types 1 and 3,in
ur a smaller loss under FFS.Summary: The 
ross-treatment 
omparison demonstrates that physi
ians' 
hoi
es arehighly in�uen
ed by the payment system. Physi
ians in FFS 
hoose more medi
al servi
es231A (where no losses o

ur in FFS): p = 0.009; 1E: p = 0.062; 3B: p = 0.002; 3C: p = 0.050, allMann-Whitney U test, two-sided, see line IV in Table A.2.17



than those in CAP do. Consequently, the mode of payment does a�e
t patients' healthstatus. In parti
ular, patients of type 1 and 2 are treated more optimally under CAPthan under FFS and the patient bene�t loss is signi�
antly smaller in the former paymentsystem for all but one of patients of type 2.5.4 Tradeo�s and Pareto e�
ien
yIn this se
tion, we are 
on
erned with the tradeo� between own pro�t and patient bene�ta physi
ian en
ounters when making a quantity de
ision. In parti
ular, we investigate howPareto e�
ien
y in�uen
es a physi
ian's behaviour.In general, Pareto e�
ien
y means that an allo
ation X is Pareto preferred to anotherallo
ation Y if at least one person is better o� and no one is worse o� with X than with
Y . Besides its importan
e in general e
onomi
 theory, the 
on
ept of Pareto e�
ien
y alsoplays a prominent role in health e
onomi
s (e.g. Iversen 1993, De Jaegher and Jegers 2000and Pau and Vera-Hernandez 2007). In the 
ontext of our experiment a situation is saidto be Pareto e�
ient, if no unanimous move to another allo
ation of pro�t and patientbene�t is possible. That means, a Pareto-e�
ient (PE) 
hoi
e involves that 
hanging q
an neither make the physi
ian better o� without indu
ing a bene�t loss to the patient normake the patient better o� without foregoing own pro�t. Pareto-ine�
ient (PIE) 
hoi
esdo not involve a bene�t/pro�t tradeo� as 
hanging q 
an in
rease both a physi
ian's ownpro�t and the patient bene�t; they are dominated by Pareto-e�
ient 
hoi
es.Pareto-e�
ient de
ision options exist for ea
h patient in both treatments. The numberof PE bene�t/pro�t pairs di�ers a

ording to illnesses (in FFS only) and patient types. InFFS, physi
ians 
an 
hoose between one and eight PE de
isions per patient. In CAP, thereare either four (patient type 2), six (patient type 1) or eight (patient type 3) PE pairs. PE
hoi
es are positioned on the upper right line in Figures A.1 and A.2, the Pareto frontier,whereas PIE de
isions are those below the Pareto frontier.It is remarkable that 597 of the 660 
hoi
es are Pareto-e�
ient. Thus, 95% of allphysi
ians' a
tual 
hoi
es both in FFS and CAP involve a tradeo� between physi
ian'sown pro�t and patient bene�t. Pareto e�
ien
y guides all the de
isions by 13 of the 20physi
ians (65%) in FFS and by 15 of the 22 physi
ians (68%) in CAP. The remaining
hoi
es entail up to 4 (9) PIE de
isions per physi
ian in FFS (CAP). Hen
e, not only hasthe majority of physi
ians Pareto e�
ien
y as their only target but also the remainingphysi
ians behave a

ordingly with the vast majority of their quantity de
isions.To further 
hara
terize physi
ians' 
hoi
es we subdivide the set of PE de
isions into
ategories 
apturing variables of e
onomi
 importan
e and medi
al ethi
s: own pro�t max-imum, patient bene�t optimum, so
ial optimum.

• PROMAX 
omprises 
hoosing q̂j , the pro�t-maximizing quantity of medi
al servi
es.The 
orresponding bene�t/pro�t pair is (B(q̂j), π(q̂j)).
• PATMAX 
onsists of q∗j -
hoi
es maximizing the patient's bene�t. (B(q∗j ), π(q∗j )) isthe resultant bene�t/pro�t pair.PROMAX and PATMAX are the two boundary points of the Pareto frontier (see18



Figures A.1 and A.2).
• SOCOPT is suggested by a welfare e
onomi
s perspe
tive and 
ontains the so
iallyoptimal 
hoi
es, i.e. de
isions where (π(qj) +B(qj)) is maximal.Note that patients exist where SOCOPT 
oin
ides with PROMAX and/or PATMAX(Table A.6). Only those de
isions are assigned to SOCOPT that are not yet 
overedby the two previous 
ategories.24
• PAROTH is a residual 
ategory 
omprising the remaining bene�t/pro�t pairs on thePareto frontier not in
luded in any of the other three 
ategories.In FFS, 16% of all physi
ian's Pareto-e�
ient 
hoi
es are assigned to PROMAX, 34% toPATMAX, 16% to SOCOPT and 34% to PAROTH.25 In CAP, only 2% of physi
ians'
hoi
es are attributed to PROMAX, 66% to PATMAX, 6% to SOCOPT and 26% are
overed by PAROTH. 26Comparing both payment systems, a mu
h lower per
entage of de
isions in CAP ismotivated by π(q̂j) probably be
ause 
hoosing q̂jCAP entails no provision of servi
es tothe patient. Su
h behaviour would be a severe violation of the professional 
ode of medi
alethi
s. Noti
eably, two thirds of all Pareto-e�
ient de
isions in CAP involve B(q∗j ) versusonly one third in FFS. This may be due to the fa
t that 
hoosing q∗CAP implies a lowerown-pro�t redu
tion than in FFS where the physi
ian on average forgoes 39.6% of hermaximally a
hievable pro�t vs. only 23.3% in CAP. The so
ial optimum plays no role inCAP possibly be
ause qsoc 
oin
ides with q∗ for all 10 patients of types 1 and 2.Summary: Our analysis provided 
ompelling results. First, nearly all physi
ians' de
isionsare in�uen
ed by Pareto e�
ien
y. Se
ond, the vast majority of these 
hoi
es (66% in FFSand 74% in CAP) 
an be explained by motives based on variables of e
onomi
 and ethi
alimportan
e.6 Con
lusionThe paper introdu
es a 
ontrolled laboratory experiment to test for the in�uen
e of pay-ment systems on physi
ians' provision behaviour. By assigning the monetary equivalentof the patient bene�t to treating a
tual patients we substituted the `abstra
t' patients inour experiment with real ones. Our design was su

essful in eli
iting benevolent behaviourtowards the patient. Not only were mean bene�t losses rather low (10% in FFS and 13% inCAP) but also did nearly all experimental physi
ians in a post-experimental questionnairestate the patient bene�t to have in�uen
ed their de
isions.Our results are in line with the theoreti
al literature (e.g. Ellis and M
Guire 1986)24We de
ided on this assignment as subje
ts 
hoi
es may not be motivated by the so
ial optimum in the�rst pla
e for the following reason. Finding qsoc seems not straightforward as parti
ipants �rst have to
al
ulate π(qj)+B(qj) and then they have to determine the maximum. Sele
ting q̂ or q∗ is mu
h moreobvious given the information on the de
ision s
reens (see the Instru
tions in the Appendix).25When 
al
ulating the per
entages, j = 1 is negle
ted be
ause here 
ategories PROMAX, PATMAX andSOCOPT 
oin
ide and we 
annot even distinguish whether q = 5 was motivated by q̂j or by q∗j .26A detailed overview on relative frequen
ies per 
ategory is provided in Table A.6.19



and add further eviden
e to generalizing previous empiri
al �ndings in the �eld. Patientsare overserved in FFS in that experimental physi
ians on average 
hoose quantities ofmedi
al servi
es larger than the patient's optimal quantity. Provision is dependent onpatient types as is the deviation of pro�ts from the pro�t maximum. The 
ross-treatment
omparison most 
learly shows physi
ians' 
hoi
es to be highly in�uen
ed by the paymentsystem. Physi
ians in FFS provide more medi
al servi
es than those in CAP do. LikeNewhouse and the Insuran
e Experiment Group (1993), we found the mode of paymentto a�e
t patients' health status. Patients in need of a low level of medi
al servi
es arebetter o� under CAP, whereas patients with a high need of medi
al servi
es gain morehealth bene�t when physi
ians are paid by FFS. How these gains and losses are to beweighed against ea
h other is a matter of politi
al de
ision, however.In both remuneration systems, �nan
ial in
entives are not the only motivation forphysi
ians' quantity de
isions, though. As the patient bene�t is of 
onsiderable impor-tan
e, patients re
eived a substantial bene�t the �nan
ial equivalent of whi
h allowed totreat nine real patients by ophthalmi
 surgery.Experiments in health e
onomi
s might serve as a 'wind tunnel' or 'test bed' beforeinstitutional 
hanges are implemented during a health 
are reform. Even though an ex-periment always simpli�es a physi
ian's de
ision task when 
aring for a patient it, at thesame time, allows to separating behavioural determinants. While simpli�
ations give riseto 
aution when extrapolating the results, they also suggest the lines for further experi-mental resear
h like introdu
ing un
ertainty about the impa
t of medi
al treatments andpatients' health status, patients' demand e�e
ts and monitoring me
hanisms.Referen
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A AppendixInstru
tions [translated from German℄General InformationIn the following experiment, you will make a 
ouple of de
isions. Following the instru
tionsand depending on your de
isions, you 
an earn money. It is therefore very important toread the instru
tions 
arefully.You take your de
isions anonymously in your 
ubi
le on your 
omputer s
reen. Duringthe experiment you are not allowed to talk to any other parti
ipant. Whenever you have aquestion, please raise your hand. The experimenter will answer your question in private inyour 
ubi
le. If you disregard these rules you 
an be ex
luded from the experiment withoutre
eiving any payment.All amounts of money in the experiment are stated in Taler. At the end of the experiment,your earnings will be 
onverted into Euro at an ex
hange rate of 1 Taler = 0.05 EUR andpaid to you in 
ash.Your de
isions in the experimentDuring the entire experiment you are in the role of a physi
ian. You have to de
ide onthe treatment of 15 patients. All parti
ipants of this experiment are taking their de
isionsin the role of a physi
ian. You de
ide on the quantity of medi
al servi
es you want toprovide for a given illness of a patient.You de
ide on your 
omputer s
reen where �ve di�erent illnesses � A, B, C, D and E �of three di�erent patient types � 1, 2 and 3 � will be shown one after another. For ea
hpatient you 
an provide 0, 1, 2, 3, 4, 5, 6, 7, 8, 9 or 10 medi
al servi
es.Your remuneration is as follows:
• Treatment FFS :A di�erent payment is assigned to ea
h quantity of medi
al servi
es . The paymentin
reases in the quantity of medi
al servi
es.
• Treatment CAP :For ea
h patient you re
eive a lump-sum payment that is independent of the quan-tity of medi
al servi
es.While de
iding on the quantity of medi
al servi
es, in addition to your payment youdetermine the 
osts you in
ur when providing these servi
es. Costs in
rease with in-
reasing quantity provided. Your profit in Taler is 
al
ulated by subtra
ting your 
ostsfrom your payment.To ea
h quantity of medi
al servi
es a 
ertain bene�t for the patient is assigned, the pa-24



tient benefit that the patient gains from your provision of servi
es (treatment). There-fore, your de
ision on the quantity of medi
al servi
es not only determines your ownprofit but also the patient benefit. An example for a de
ision situation is given onthe following s
reen. S
reen shot FFS

S
reen shot CAP

You de
ide on the quantity of medi
al servi
es on your 
omputer s
reen by typing aninteger between 0 and 10 into the box named �Your De
ision�.There are no real but abstra
t patients parti
ipating in this experiment. Yet the patient25



benefit an abstra
t patient re
eives by your providing medi
al servi
es will be bene�-
ial for a real patient. The total amount 
orresponding to the sum over all 15 patientbenefits determined by your de
isions will be transferred to the 
harity Christo�el Blin-denmission Deuts
hland e.V., 64625 Bensheim, to support an ophthalmi
 hospital wherepatients with 
atara
t are treated.Earnings in the experimentAfter having made your 15 de
isions, your overall earnings will be 
al
ulated by summingup the profits from all your de
isions. This amount will be 
onverted from Taler intoEuro at the end of the experiment.The overall patient benefit resulting from your 15 quantity de
isions will be 
onvertedinto Euro as well and will be transferred to the Christo�el Blindenmission.The transferral will be made by the experimenter and a monitor. The monitor writesa 
he
k on the amount of money 
orresponding to the aggregated patient benefits ofthis experiment. This 
he
k issued to the Christo�el Blindenmission will be sealed in anenvelope addressed to this 
harity. The monitor and experimenter then walk together tothe nearest mailbox and deposit the envelope.After all parti
ipants have taken their de
isions, one parti
ipant is randomly assigned therole of the monitor. The monitor re
eives a payment of 4 EUR in addition to the paymentfrom the experiment. The monitor veri�es, by a signed statement, that the pro
eduredes
ribed above was a
tually 
arried out.Next, please answer some questions familiarizing you with the de
ision situation.After your 15 de
isions, please answer some further questions on your s
reen.
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Table A.1: Des
riptive statisti
s on quantity (qij) and di�eren
es to patient optimal quantity (µi) per physi
ian iFFS CAP
qij µi qij µi

i Mean (qi) Median SD Mean (µi) Median SD Mean (qi) Median SD Mean (µi) Median SD1 6.40 7.00 1.12 1.40 1.00 1.35 4.20 5.00 1.52 -0.80 -1.00 1.612 7.73 8.00 1.87 2.73 2.00 2.94 4.27 5.00 0.88 -0.73 0.00 1.283 5.00 5.00 1.46 0.00 0.00 0.65 4.80 5.00 1.47 -0.20 0.00 0.414 5.00 5.00 1.69 0.00 0.00 0.00 5.13 5.00 1.60 0.13 0.00 0.525 7.27 8.00 1.16 2.27 2.00 1.49 2.13 2.00 0.83 -2.87 -4.00 1.466 6.40 6.00 1.12 1.40 1.00 1.80 5.00 5.00 1.69 0.00 0.00 0.007 7.13 7.00 1.06 2.13 2.00 1.77 4.07 4.00 0.96 -0.93 -1.00 1.108 8.27 9.00 1.94 3.27 3.00 2.69 4.33 5.00 0.98 -0.67 0.00 0.989 6.07 7.00 1.39 1.07 1.00 1.28 4.07 4.00 0.80 -0.93 -1.00 1.2210 7.67 7.00 1.76 2.67 2.00 2.55 5.00 5.00 1.69 0.00 0.00 0.0011 7.47 8.00 2.00 2.47 2.00 2.61 4.93 5.00 1.62 -0.07 0.00 0.2612 6.93 7.00 1.75 1.93 2.00 2.05 4.93 5.00 1.62 -0.07 0.00 0.2613 6.13 6.00 1.92 1.13 1.00 1.92 2.40 2.00 1.18 -2.60 -2.00 2.3814 6.27 7.00 1.33 1.27 1.00 1.62 5.00 5.00 1.69 0.00 0.00 0.0015 8.53 9.00 1.96 3.53 3.00 2.85 4.00 4.00 0.85 -1.00 -1.00 0.8516 6.67 6.00 1.54 1.67 1.00 2.47 4.47 5.00 1.85 -0.53 0.00 2.0017 5.00 5.00 1.69 0.00 0.00 0.00 3.40 4.00 1.68 -1.60 -3.00 1.9918 5.73 6.00 1.49 0.73 1.00 1.03 4.53 5.00 1.19 -0.47 0.00 0.7419 7.00 7.00 1.25 2.00 2.00 1.96 6.00 6.00 2.45 1.00 2.00 2.5620 5.33 5.00 1.45 0.33 0.00 1.11 4.67 5.00 1.29 -0.33 0.00 0.4921 5.00 5.00 1.69 0.00 0.00 0.0022 4.47 5.00 1.13 -0.53 0.00 0.83
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Table A.2: Test statisti
s of two-sided non-parametri
 tests per patientDe
ision j (Patient)Test; Variable(s); S
ope 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15(1A) (1B) (1C) (1D) (1E) (2A) (2B) (2C) (2D) (2E) (3A) (3B) (3C) (3D) (3E)I Binomial; q∗j , ¬q∗j ;FFS 0.0000 0.0414 0.1153 0.0118 0.0025 0.0414 0.0004 0.0414 0.0025 0.5034 0.5034 0.0414 1.0000 0.5034 0.0118Binomial; q∗j , ¬q∗j ;CAP 0.1338 0.1338 0.1338 0.5235 0.1338 0.2863 0.0043 0.0001 0.0001 0.0001 0.5235 0.1338 0.2863 0.2863 0.0524II Mann Whitney U; qij ;a
ross treatments 0.2440 0.0000 0.0000 0.0000 0.0000 0.0010 0.0000 0.0000 0.0000 0.0001 0.2339 0.0000 0.0002 0.0001 0.0000III Fisher exa
t; q∗j ;a
ross treatments 0.0063 0.0051 0.0000 0.0095 0.0005 0.0111 0.0000 0.0000 0.0000 0.0006 0.2461 0.0051 0.1670 0.0784 0.2457IV Mann Whitney U; ψ(qij);a
ross treatments 0.0066 0.1539 0.3047 0.4630 0.0617 0.0271 0.0000 0.0000 0.0000 0.0008 0.3972 0.0028 0.0507 0.1206 0.5991V Mann Whitney U; ∆πij ;a
ross treatments 0.0000 0.0195 0.8055 0.0590 0.2046 0.0183 0.0008 0.2092 0.0119 0.0203 0.0000 0.0002 0.0000 0.0000 0.4219
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Table A.3: Des
riptive statisti
s on variables per patientDe
ision j (Patient)1 2 3 4 5 6 7 8 9 10 11 12 13 14 15(1A) (1B) (1C) (1D) (1E) (2A) (2B) (2C) (2D) (2E) (3A) (3B) (3C) (3D) (3E)
FFS

qij Mean (qj) 5.00 7.30 6.40 6.80 7.90 4.70 6.20 5.85 6.60 6.45 6.30 7.10 7.35 7.35 7.70Median 5.00 7.00 6.50 6.80 8.00 5.00 7.00 6.00 6.00 8.00 6.00 7.00 7.00 7.00 8.00
νij Mean (νj) 0.00 2.30 1.40 1.80 2.90 1.70 3.20 2.85 3.60 3.45 -0.70 0.10 0.35 0.35 0.70Median 0.00 2.00 1.50 1.00 3.00 2.00 4.00 3.00 3.00 5.00 -1.00 0.00 0.00 0.00 1.00SD 0.00 1.84 1.50 1.67 1.86 1.22 2.24 2.21 2.23 3.05 0.86 0.64 0.75 0.88 1.03

π(qij) Mean 8.00 10.18 7.21 10.79 10.29 6.98 9.03 6.68 10.88 9.18 7.43 10.66 7.78 12.20 10.28Median 8.00 11.10 7.45 11.40 11.60 8.00 11.10 7.20 11.40 11.60 7.40 11.10 7.70 12.00 11.60SD 0.00 2.60 0.90 2.82 3.04 1.66 3.26 1.41 2.92 3.62 0.31 1.68 0.25 0.51 2.20
∆πij Mean 0.00 0.19 0.12 0.21 0.21 0.13 0.28 0.20 0.20 0.29 0.07 0.15 0.06 0.10 0.21Median 0.00 0.11 0.09 0.16 0.11 0.00 0.11 0.13 0.16 0.11 0.08 0.11 0.07 0.12 0.11SD 0.00 0.21 0.11 0.21 0.23 0.21 0.26 0.17 0.21 0.28 0.04 0.13 0.03 0.04 0.17
B(qij) Mean 10.00 8.85 8.85 9.10 8.55 9.15 8.40 8.58 8.20 8.28 8.92 9.21 9.04 8.90 8.47Median 10.00 9.00 9.00 9.50 8.50 9.00 8.00 8.50 8.50 7.50 9.00 9.45 9.23 9.45 8.80
ψ(qij) Mean (ψj) 0.00 1.15 1.15 0.90 1.45 0.85 1.60 1.43 1.80 1.73 0.53 0.25 0.41 0.55 0.98Median 0.00 1.00 1.00 0.50 1.50 1.00 2.00 1.50 1.50 2.50 0.45 0.00 0.23 0.00 0.65SD 0.00 0.92 1.73 0.84 0.93 0.61 1.12 1.10 1.12 1.53 0.64 0.62 0.62 0.96 1.48

N 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20
CAP

qij Mean (qj) 4.73 4.59 4.27 4.64 4.55 3.45 3.18 3.05 2.86 3.00 5.59 5.50 5.77 5.64 5.18Median 5.00 5.00 5.00 5.00 5.00 3.00 3.00 3.00 3.00 3.00 6.00 5.50 5.50 6.00 5.50
νij Mean (νj) -0.27 -0.41 -0.73 -0.36 -0.45 0.45 0.18 0.05 -0.14 0.00 -1.41 -1.50 -1.23 -1.36 -1.82Median 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 -1.00 -1.50 -1.50 -1.00 -1.50SD 0.98 1.18 1.28 1.81 1.34 1.37 0.85 0.49 0.47 0.93 1.74 1.41 1.69 1.43 1.82
πij Mean 9.67 9.76 10.02 9.54 9.76 10.63 10.92 11.05 11.16 11.02 8.59 8.79 8.40 8.63 9.00Median 9.50 9.50 9.50 9.50 9.50 11.10 11.10 11.10 11.10 11.10 8.40 8.95 8.95 8.40 8.95SD 0.72 0.92 0.86 1.87 0.93 1.29 0.60 0.36 0.20 0.62 1.52 1.42 2.02 1.45 1.55

∆πij Mean 0.19 0.19 0.17 0.21 0.19 0.11 0.09 0.08 0.07 0.08 0.28 0.27 0.30 0.28 0.25Median 0.21 0.21 0.21 0.21 0.21 0.08 0.08 0.08 0.08 0.08 0.30 0.25 0.25 0.30 0.25SD 0.06 0.08 0.07 0.16 0.08 0.11 0.05 0.03 0.02 0.05 0.13 0.12 0.17 0.12 0.13
B(qij) Mean 8.99 8.60 8.01 8.31 8.57 8.91 9.45 9.57 9.20 9.48 7.99 7.94 7.77 8.07 7.49Median 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 9.00 8.38 7.75 9.00 8.38
ψ(qij) Mean (ψj) 1.01 1.40 1.99 1.69 1.43 1.09 0.55 0.43 0.80 0.52 1.46 1.51 1.68 1.38 1.96Median 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.45 1.08 1.70 0.45 1.08SD 2.18 2.69 3.40 2.88 2.80 2.55 1.92 1.81 2.58 2.14 2.30 1.91 2.14 1.94 2.56

N 22 22 22 22 22 22 22 22 22 22 22 22 22 22 22
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Table A.4: Des
riptive statisti
s on patient bene�t B(qij) and pro�t π(qij) per physi
ian iFFS CAPPatient bene�t B(qij) Pro�t π(qij) Patient bene�t B(qij) Pro�t π(qij)
i Mean Median SD Mean Median SD Mean Median SD Mean Median SD1 9.11 9.45 0.55 8.83 8.00 1.93 8.25 9.00 2.54 10.02 9.50 1.032 8.19 8.50 1.08 10.09 11.60 2.79 8.67 9.00 1.43 10.11 9.50 0.713 9.69 10.00 0.42 6.73 5.90 2.27 9.73 10.00 0.42 9.49 9.50 1.414 9.82 10.00 0.27 6.53 5.90 2.51 9.75 10.00 0.34 9.13 9.50 1.625 8.63 8.80 0.59 10.15 11.10 2.11 2.73 1.50 2.45 11.48 11.60 0.346 9.04 9.00 0.75 9.50 11.10 2.26 9.82 10.00 0.27 10.26 10.40 0.827 8.66 8.80 0.63 10.15 11.10 1.98 8.50 9.00 1.61 11.48 11.60 0.348 7.54 7.75 1.63 10.81 12.00 2.38 9.25 10.00 1.10 9.23 9.50 1.709 9.22 9.00 0.45 8.88 8.00 2.37 8.38 7.75 1.59 10.03 9.50 0.7810 8.47 8.80 1.10 10.46 11.10 2.50 9.82 10.00 0.27 10.29 10.40 0.6411 7.68 7.50 1.90 10.24 11.10 2.76 9.79 10.00 0.33 9.23 9.50 1.7012 8.84 9.00 0.89 9.81 11.10 2.64 9.79 10.00 0.33 9.32 9.50 1.6213 9.18 9.45 0.86 8.99 8.00 2.90 4.87 2.20 3.91 11.29 11.60 0.5514 9.17 9.45 0.73 9.37 11.10 2.41 9.82 10.00 0.27 9.23 9.50 1.7015 7.52 7.50 1.10 10.93 12.40 2.48 8.25 7.75 1.32 10.33 10.40 0.6816 8.79 9.00 0.95 9.70 11.10 2.30 8.74 9.50 2.58 9.69 9.50 1.4817 9.82 10.00 0.27 6.53 5.90 2.51 6.47 6.00 3.54 10.58 10.40 0.9718 9.38 9.45 0.44 8.69 8.00 2.52 9.50 10.00 0.82 9.81 9.50 1.0319 8.51 8.50 0.88 10.11 11.10 1.79 7.23 8.50 2.90 7.84 8.40 2.9020 9.39 9.00 0.49 6.87 6.50 1.68 9.67 10.00 0.49 9.67 9.50 1.1521 9.82 10.00 0.27 9.23 9.50 1.7022 9.42 10.00 0.93 9.89 9.50 0.96
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Table A.5: Order testAverage quantity Number ofSub. pat. type 1 pat. type 2 pat. type 3 Order inversions
FFS

1 6.4 5.6 7.2 2 1 3 02 8.0 8.4 6.8 2 3 1 13 5.0 3.4 6.6 2 1 3 04 5.0 3.0 7.0 2 1 3 05 7.2 6.6 8.0 2 1 3 06 5.8 6.4 7.0 1 2 3 17 7.2 6.8 7.4 2 1 3 08 8.4 8.4 8.0 2 2 1 -9 6.8 4.6 6.8 2 1 2 -10 8.2 7.6 7.2 3 2 1 211 6.8 7.8 7.8 1 2 2 -12 7.6 6.0 7.2 3 1 2 313 6.4 5.0 7.0 2 1 3 014 5.8 5.8 7.2 1 1 2 -15 8.6 9.0 8.0 2 3 1 116 6.6 7.0 6.4 2 3 1 117 5.0 3.0 7.0 2 1 3 018 6.0 4.2 7.0 2 1 3 019 7.0 6.8 7.2 2 1 3 020 5.8 3.8 6.4 2 1 3 0
CAP

1 3.6 3.6 5.4 2 2 1 -2 4.6 3.4 4.8 2 1 3 03 5.0 3.0 6.4 2 1 3 04 5.0 3.4 7.0 2 1 3 05 1.4 2.0 3.0 1 2 3 16 5.0 3.0 7.0 2 1 3 07 4.4 3.0 4.8 2 1 3 08 5.0 3.0 5.0 2 1 2 -9 4.4 3.2 4.6 2 1 3 010 5.0 3.0 7.0 2 1 3 011 5.0 3.0 6.8 2 1 3 012 5.0 3.0 6.8 2 1 3 013 3.0 2.6 1.6 3 2 1 214 5.0 3.0 7.0 2 1 3 015 4.0 3.0 5.0 2 1 3 016 5.0 3.4 5.0 2 1 2 -17 3.4 2.8 4.0 2 1 3 018 5.0 3.0 5.6 2 1 3 019 6.4 5.0 6.6 2 1 3 020 5.0 3.0 6.0 2 1 3 021 5.0 3.0 7.0 2 1 3 022 5.0 3.0 5.4 2 1 3 0
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Table A.6: Relative frequen
ies of 
hoi
es on the Pareto frontier sorted by 
ategoriesDe
ision j (Patient)Category 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15(1A) (1B) (1C) (1D) (1E) (2A) (2B) (2C) (2D) (2E) (3A) (3B) (3C) (3D) (3E)FFS PROMAX 1.00‡ 0.25 0.00 0.15 0.32‡ 0.72‡ 0.16 0.10 0.10 0.25 0.21 0.00 0.00 0.00 0.06PATMAX 1.00‡ 0.25 0.32 0.20 0.16 0.28 0.11 0.25 0.15 0.40 0.42‡ 0.83‡ 0.56‡ 0.67‡ 0.24SOCOPT 1.00‡ 0.50 0.32 0.05 0.32‡ 0.72‡ 0.47 0.35 0.20 0.25 0.42‡ 0.83‡ 0.56‡ 0.00‡ 0.59PAROTH 1.00‡ 0.00 0.37 0.60 0.53 0.00 0.26 0.30 0.55 0.10 0.37 0.17 0.44 0.33 0.71CAP PROMAX 0.00 0.00 0.00 0.05 0.05 0.00 0.00 0.00 0.00 0.05 0.05 0.00 0.00 0.00 0.05PATMAX 0.75‡ 0.71‡ 0.68‡ 0.65‡ 0.71‡ 0.88‡ 0.95‡ 0.95‡ 0.91‡ 0.95‡ 0.41 0.32 0.38 0.36 0.27SOCOPT 0.75‡ 0.71‡ 0.68‡ 0.65‡ 0.71‡ 0.88‡ 0.95‡ 0.95‡ 0.91‡ 0.95‡ 0.18 0.18 0.10 0.23 0.23PAROTH 0.25 0.29 0.32 0.30 0.24 0.13 0.05 0.05 0.09 0.00 0.36 0.50 0.52 0.41 0.45
‡ Note: Some patient bene�t/pro�t pairs are 
overed by two (or more) di�erent 
ategories. In parti
ular, the so
ial optimal quantity (qsoc

j )
oin
ides for some de
isions with either the pro�t maximal quantity (q̂j) or the patient optimal quantity (q∗j ).In FFS: (π(q̂j), B(q̂j)) = (π(q∗j ), B(q∗j )) = (π(qsoc
j ), B(qsoc

j )) for patient 1A (j = 1); (π(q̂j), B(q̂j)) = (π(qsoc
j ), B(qsoc

j )) for patients 1E and 2A(j = 5, 6); (π(q∗j ), B(q∗j )) = (π(qsoc
j ), B(qsoc

j )) for for patients 3A,..,3D (j =11,..,14).In CAP: (π(q∗j ), B(q∗j )) = (π(qsoc
j ), B(qsoc

j )) for for patients 1A,...,2E (j = 1, . . . , 10).
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Figure A.1: Pareto frontiers per de
ision in FFS
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Figure A.2: Pareto frontiers per de
ision in CAP
0 .050

0
.18

.68

.09

0

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 1A

Pareto frontier rel. freq.

Profit SOCOPT

PATMAX PROMAX

Decision 1

0 .05.05
0

.18

.68

0

.05

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 1B

Decision 2

0 .05.14
0

.14

.68

0

0

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 1C

Decision 3

.05.050
0

.23

.59

.05

0

0

0

.05

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 1D

Decision 4

.050 .05
0

.18

.68

0

.05

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 1E

Decision 5

0 .05.05
.64

.09

.14

0

0

.05

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 2A

Decision 6

0 .050
.82

0

.14

0

0

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 2B

Decision 7

0 0.05
.91

0

.05

0

0

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 2C

Decision 8

0 .05.05
.91

0

0

0

0

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 2D

Decision 9

.05 0 0
.91

0

0

.05

0

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 2E

Decision 10

.050 0
.05

.09

.23

.18

.41

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 3A

Decision 11

0 0 .05
.05

.09

.32

.18

.32

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 3B

Decision 12

0 0 .05
.05

.05

.36

.09

.36

0

0

.05

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 3C

Decision 13

0 0 .05
.05

.09

.23

.23

.36

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 3D

Decision 14

.050 .05
.05

.14

.23

.23

.27

0

0

0

0
2

4
6

8
1

0
1

2

P
ro

fi
t

0 2 4 6 8 10 12

Benefit of patient 3E

Decision 15

34


	Introduction
	Related literature
	Research questions
	Experimental design and procedure
	Design and parameters
	Procedure

	Results
	Physicians' behaviour in FFS
	Physicians' behaviour in CAP
	Comparison of behaviour between FFS and CAP
	Tradeoffs and Pareto efficiency

	Conclusion
	Appendix

